Abstract.-As DNA sequences have become more readily available, it has become increasingly desirable to infer species phylogenies from multigene data sets. Much recent work has centered around the recognition that substantial incongruence in single-gene phylogenies necessitates the development of statistical procedures to estimate species phylogenies that appropriately model the process of evolution at the level of the individual genes. One process that gives rise to variation in the histories of individual genes is incomplete lineage sorting, which is commonly modeled by the coalescent, and thus much current work is focused on proper estimation of species phylogenies under the coalescent model. A second common source of discord in single-gene phylogenies is hybridization, a process that is ubiquitous in many groups of plants and animals. Although methods to incorporate hybridization into phylogenetic estimation have also been developed, only a handful of methods that address both coalescence and hybridization have been proposed. Here, I propose an extension of an existing model that incorporates both of these processes simultaneously by utilizing gene trees for inference in a likelihood framework. The model allows examination of the evidence for hybridization in the presence of incomplete lineage sorting due to deep coalescence via model selection using standard information criteria (e.g., Akaike information criterion and Bayesian information criterion). The potential of the method is evaluated using simulated data.
Abstract.-As DNA sequences have become more readily available, it has become increasingly desirable to infer species phylogenies from multigene data sets. Much recent work has centered around the recognition that substantial incongruence in single-gene phylogenies necessitates the development of statistical procedures to estimate species phylogenies that appropriately model the process of evolution at the level of the individual genes. One process that gives rise to variation in the histories of individual genes is incomplete lineage sorting, which is commonly modeled by the coalescent, and thus much current work is focused on proper estimation of species phylogenies under the coalescent model. A second common source of discord in single-gene phylogenies is hybridization, a process that is ubiquitous in many groups of plants and animals. Although methods to incorporate hybridization into phylogenetic estimation have also been developed, only a handful of methods that address both coalescence and hybridization have been proposed. Here, I propose an extension of an existing model that incorporates both of these processes simultaneously by utilizing gene trees for inference in a likelihood framework. The model allows examination of the evidence for hybridization in the presence of incomplete lineage sorting due to deep coalescence via model selection using standard information criteria (e.g., Akaike information criterion and Bayesian information criterion). The potential of the method is evaluated using simulated data. [Deep coalescence; gene trees; hybridization; incomplete lineage sorting; multilocus data; species phylogeny.] Although many evolutionary processes (e.g., gene duplication and horizontal gene transfer) can give rise to incongruence in gene and species trees, the processes of incomplete lineage sorting and hybridization are among the most studied in a phylogenetic context. In particular, much recent attention has focused on the effects of incomplete lineage sorting, as modeled by the coalescent process (Kingman 1982; Tajima 1983; Tavaré 1984; Takahata and Nei 1985a; Pamilo and Nei 1988; Rosenberg 2002) , on phylogenetic estimation (Maddison and Knowles 2006; Carstens and Knowles 2007; Kubatko and Degnan 2007) . This has led to the development of several methods that explicitly incorporate the process of coalescence into the estimation of the species tree (Edwards et al. 2007; Liu and Pearl 2007; Mossel and Roch 2007; Than et al. 2007; Liu et al. 2009; Kubatko et al. 2009 ). These developments have in part been motivated by the recognition that the extent of gene tree incongruence could be much more substantial than previously thought (Degnan and Rosenberg 2006) , particularly in cases where speciation occurs over relatively short time periods. In such cases, it is expected that a collection of single-gene phylogenies for a set of taxa will show substantial differences with one another due to incomplete lineage sorting, even in the absence of any other evolutionary processes known to generate incongruence.
Hybridization is also a potential cause of incongruence among gene and species trees and is known to be an important evolutionary mechanism in many groups. This is particularly true for plants and bacteria but has also been increasingly recognized in animals (Arnold 1997; Dowling and Secor 1997; Rieseberg 1997; Baack and Rieseberg 2007) , with recent estimates that at least 25% of plant species and 10% of animal species hybridize (Mallet 2005 (Mallet , 2007 . In a phylogenetic context, inclusion of taxa that have undergone historical hybridization complicates inference in that such taxa do not follow the usual assumption of evolution from a common ancestor through a bifurcating process (Hennig 1966) , with the result that incongruence among singlegene phylogenies is commonly observed. In particular, it is common to suspect that hybridization has played an evolutionary role when the phylogeny constructed from cytoplasmic genes (e.g., mitochondrial or chloroplast genes) differs from that inferred from nuclear genes (Shaw 2002; Gonçalvesa et al. 2007; Linnen and Farrell 2007; Bossu and Near 2009; Spinks and Shaffer 2009) . However, regardless of whether a species has been formed through hybridization, incongruence between trees for different genes is possible due to incomplete lineage sorting, as described above (Maddison 1997) . Thus, simply observing incongruence in reconstructed phylogenies is insufficient for concluding that hybridization has occurred. For this reason, numerous studies have proposed methods aimed at detecting hybridization in a phylogenetic context. These can be broadly classified into those that attempt to detect hybridization in a framework for which only a strictly bifurcating species phylogeny is allowed and those that allow for reticulation in the phylogeny. Among methods that utilize strictly bifurcating trees, one suggestion for phylogenetic inference is to use some criterion to identify taxa suspected to be of hybrid origin prior to tree inference, and then add them to the inferred tree by connecting them to their putative parents (Rieseberg and Morefield 1995; Posada 2002; Gauthier and Lapointe 2007) . Among methods that allow reticulate evolution in a phylogenetic setting, several are based on distance matrices (e.g., Xu 2000; Legendre and Makarenkov 2002; Bryant and Moulton 2004) . In addition, several model-based approaches have also been developed (Strimmer and Moulton 2000; Jin et al. 2006) . However, all of these methods consider An alternative method for dealing with the possibility of reticulation in the evolutionary history is the use of Bayesian concordance analysis (BCA) (Ané et al. 2007 ). BCA provides a Bayesian framework in which the source of discord among single-gene histories is not explicitly modeled; rather, a model that relates agreement of the single-gene histories, as summarized by a posterior distribution from MrBayes, for example, to the overall species-level phylogeny is developed. This allows for estimation of the posterior probabilities of the extent of "agreement" (concordance) of various phylogenetic hypothesis across genes. The method is implemented in the software BUCKy (Ané et al. 2007) and has the appealing advantage that it does not need specification of a model for the source of disagreement in evolutionary history across genes. Computations can be performed rapidly once posterior distributions for single-gene phylogenies have been obtained in MrBayes.
Recent advances in coalescent modeling coupled with computational developments enable methodology that incorporates both these processes. Early techniques developed in this regard include a method of Sang and Zhong (2000) that attempts to discriminate between incomplete lineage sorting and hybridization based on a comparison of gene divergence time estimates. This method was later criticized (Holder et al. 2001 ) for failing to adequately adjust for variance in coalescent times, resulting in a loss of power to detect hybridization. Joly et al. (2009) have recently proposed a method that is also based on divergence times and uses simulation to generate predicted distributions for divergence times under a coalescent-only model. If the observed divergence times pre-date the predicted times, then hybridization is hypothesized to explain the discrepancy. Other recent approaches include that of Buckley et al. (2006) , who used simulation under the coalescent model to determine whether the amount of incongruence observed in their sample was consistent with a model of coalescence only, without hybridization. A similar approach was used by Maureira-Butler et al. (2008) . Than et al. (2007) developed a model for gene tree topologies that allows both incomplete lineage sorting and horizontal gene transfer and demonstrated the computation of gene tree topology probabilities in the case of 3 taxa when both processes could cause variability in observed gene trees. Their method is similar to another recently proposed technique (Meng and Kubatko 2009 ) in which methods for assessing the evidence for hybridization in the presence of incomplete lineage sorting using a sample of gene tree topologies were developed in both likelihood and Bayesian frameworks. Nakhleh L. (unpublished data) provides a unifying framework for the methods of Than et al. (2007) and Meng and Kubatko (2009) . These 2 methods share some similarity to what is proposed here but differ in that here gene tree densities (rather than topology probabilities) are used for inference.
Clearly there is much interest in using methods that can effectively discriminate between incomplete lineage sorting and hybridization in assessing observed incongruence among gene trees in a phylogenetic setting. In this paper, progress on this problem is continued by proposing a likelihood-based method that allows one to select among a set of models that permit hybridization in the presence of incomplete lineage sorting, using a sample of gene trees as input data. The next section gives some background into the processes and modeling of both incomplete lineage sorting and hybridization before proposing the model.
BACKGROUND
The Coalescent Model Incomplete lineage sorting (also known as deep coalescence) occurs when multiple gene lineages persist through speciation events. Following speciation events, some forms of the gene may be lost, whereas others are maintained and continue to evolve. This process is generally modeled mathematically using the coalescent model (Kingman 1982; Tajima 1983; Takahata and Nei 1985b; Pamilo and Nei 1988; Wakeley 2008) , in which the evolutionary history of a collection of sampled alleles is studied moving backward in time. For example, Figure 1 shows a species tree (outlined tree) with an enclosed gene tree (thin lines) that traces the evolutionary history of a sample of present-day lineages within the constraints imposed by the true sequence of speciation events (represented by upside down "v"s in the species tree). This gene tree is composed of a sequence of coalescent events, corresponding to times when distinct FIGURE 1. Example species tree (bold lines) with embedded gene tree (thin lines) showing incongruence due to incomplete lineage sorting. Horizontal dotted lines depict speciation events for the species tree, whereas small black dots denote coalescent events on the gene tree. Note that the lineage sampled from taxon B does not coalesce with the lineage ancestral to taxon A until after it has coalesced with that sampled from taxon C (looking backward in time), leading to a gene tree topology that differs from the species tree. lineages find a most recent common ancestor (MRCA). This process of coalescence of gene lineages is governed probabilistically by the coalescent model and can often lead to gene trees with topologies that are incongruent with the species tree, as is the case in Figure 1 . Here, it can be seen that, looking backward in time, lineage B fails to coalesce with lineage A and instead coalesces with lineage C, resulting in a gene tree that is discordant with the species tree. We next describe the coalescent model for situations such as this more fully.
As is standard, Kingman's continuous-time approximation to the coalescent process (Kingman 1982; Tajima 1983; Takahata and Nei 1985b; Pamilo and Nei 1988 ) is used to model incomplete lineage sorting. Under this model, the time until the next coalescent event for a sample of j lineages is exponentially distributed with mean
θ , where θ = 4Nµ is the population size parameter. Although many properties of gene tree distributions arising from this model have been studied (Rosenberg 2003; Degnan and Salter 2005; Degnan and Rosenberg 2006; Rosenberg and Tao 2008) , of interest here is the work of Rannala and Yang (2003) in which the density of a gene tree given a fixed species tree is derived.
Let i be a particular branch in a hypothetical species phylogeny, u i,j be the number of lineages at the "beginning" of the branch (closest to the present time) for gene j, and v i,j be the number of lineages at the "end" of the branch (closest to the root) for gene j. Let w i,j = u i,j − v i,j be the number of coalescent events along branch i for the hypothesized phylogeny. Let the time of the node at the beginning of branch i be represented by T i , so that the length of branch i is given by T p i − T i , where T p i is the time of the parent node (the node at the "top" of branch i). Note that speciation times and branch lengths in the species phylogeny are measured in number of 2N generations, and that time is measured backward from the present.
Consider a sequence of coalescent events along branch i. Let t i j = (t i 1,j , t i 2,j , . . . , t i w i,j ,j ) be a vector of ordered times of coalescent events occurring along branch i for gene j, again measured backwards from the present. Let θ i be the population size for the population represented by branch i. Rannala and Yang (2003) showed that the density for t i j is given by
where t i 0,j = T i . For the root node, note that v i,j = 1 for all j (because all lineages will eventually coalesce as the process moves back in time), and so the term before the product disappears in this case. To compute the density for the entire gene tree, the densities across individual branches are multiplied, invoking the usual assumption that coalescent events are independent across branches once the u i,j and v i,j are given, so that the density of gene tree j, G = g j , is
where Θ is a vector of population size parameters along each of the branches in species tree S and the product is over the branches within this species tree. This density will be used to form the likelihood function in the model proposed below.
Hybridization Hybridization generally refers to the mating of 2 distinct types of organisms, often species, resulting in the production of a hybrid organism that shares genetic information with both parental organisms. When hybridization occurs between 2 distinct species for many generations with fertile offspring, it is possible for a new species to be formed. Although hybrid speciation was once believed to be rare except perhaps in plants through allopolyploidy, numerous examples of homoploid hybrid speciation have recently been documented in a variety of species, including both plants and animals (DeMarais et al. 1992; Bullini 1994; Rieseberg 1997; Buerkle et al. 2000; Gross and Rieseberg 2005; Nolte et al. 2005; Schwarz et al. 2005; Gompert et al. 2006; Mavarez et al. 2006; Meyer et al. 2006; Mallet 2007) . Hybrid speciation is thus increasingly being recognized to be an important mechanism for the evolution of new species (Seehausen 2004; Mallet 2005 Mallet , 2007 Baack and Rieseberg 2007) . It is particularly prevalent when the hybrid species is able to take advantage of a niche that is distinct to that occupied by both parental species (Seehausen 2004) . It is also possible that hybridization has occurred at some point in a species history without the formation of a hybrid population that is distinct from a persistent parental form (Dowling and DeMarais 1993; Roques et al. 2001; Thorsson et al. 2001; Salzburger et al. 2002; Weigel et al. 2002; Good et al. 2003; Grant et al. 2004; Mallet 2005 Mallet , 2007 Baack and Rieseberg 2007) , a process that is generally called introgressive hybridization. In the work described here, we explicitly consider only the case in which speciation results from hybridization events with persistence of both parental forms. Extensions of this work to the case of introgressive hybridization are briefly described in Discussion.
As noted in the Introduction, hybridization cannot be represented by a bifurcating phylogenetic tree because it involves simultaneous descent with modification from 2 distinct branches of the tree. It is common, therefore, to represent hybridization on a phylogeny by a horizontal line connecting 2 lineages of an otherwise bifurcating phylogeny, as shown in the topmost phylogeny in Figure 2 . This tree represents the evolutionary history of 3 distinct Species A, B, and C and depicts a hybrid origin for Species B with persistence of the parental FIGURE 2. The hybridization model. The tree at the top of the figure is a hybrid species phylogeny that contains 2 parental species trees, shown at the bottom of the figure. The probabilities assigned to the 2 parental species trees are γ and 1 − γ.
Species A and C. Throughout this paper, trees including hybridization events such as the one in Figure 2 will be referred to as "hybrid species phylogenies". Under the assumption that hybridization results in a mosaic genome (Rieseberg and Wendel 1993; Rieseberg 1997) , it will be the case that whenever an individual gene for all 3 taxa is examined, the version of that gene in Species B will have been derived from a common ancestor in either Species A or Species C (bottom phylogenies in Fig. 2 ). I refer to these 2 possible "resolved" phylogenies as "parental species trees." This model, described in detail in the next section, is built around the assumption that the evolutionary history of each gene in a hybrid species (e.g., Species B in Fig. 2 ) is a realization of the coalescent process operating on one of the possible parental species trees.
METHODS

A Model for Coalescent with Hybridization
Consider a sample of gene trees, g = (g 1 , g 2 , . . . , g N ), consisting of both topologies and gene divergence times, which are assumed to be known without error. The goal is to develop a likelihood framework for inferring species-level relationships for species trees that are subject to hybridization events, such as that depicted in Figure 2 . To construct the likelihood function, assume as above a process of homoploid hybrid speciation in which both parental taxa persist. Furthermore, assume that hybridization results in a mosaic genome (Rieseberg and Wendel 1993; Rieseberg 1997 ), FIGURE 3. The hybrid species tree used to illustrate the hybrid speciation model. The hybridization parameters γ 1 and γ 2 identified on the tree refer to the possible hybridization events leading to formation of Taxa B and D, respectively. This hybrid species phylogeny is used as the model tree in the simulation studies.
so that an individual gene selected for analysis in a particular hybrid species has probability γ of sharing an MRCA with a particular one of its parental species, and probability 1 − γ that its MRCA occurs with the other parental species. The parameter γ is referred to here as the "hybridization parameter" and has a direct interpretation as the percentage of genes that share an MRCA in the parental species tree with a particular one of its 2 parental species. This is represented for a single hybridization event in Figure 2 . The final assumption of the model is that once the parental tree for a particular gene has been selected, the coalescent process as described above operates for that gene, using the selected parental tree as the species tree. This enables calculation of the likelihood function using the gene tree density of Rannala and Yang (2003) given in equation (2).
A general expression for the likelihood of an arbitrary hybrid species tree has recently been given in Nakhleh L. (unpublished data) for models of this general form, although gene tree densities of the form in equation (2) are not explicitly discussed. Here, computation of the likelihood for a particular hybrid species tree (Fig. 3) is illustrated using the density in equation (2). Because this tree includes 2 possible hybridization events, there are 2 hybridization parameters, which are denoted by γ 1 and γ 2 , and 4 possible parental species trees. These 4 parental species trees are denoted by S 1 , S 2 , S 3 , and S 4 (Fig. 4 ). Under this model, a given gene tree could have arisen from any one of these 4 parental species trees, with the probabilities that it is derived from each determined by the hybridization parameters γ 1 and γ 2 . Letting t be the vector of branch lengths in hybrid species tree S, the likelihood in γ 1 , γ 2 , and t is then given by Note that the expression in equation (3) is the likelihood for a given hybrid species tree, S, and a given vector of population sizes, Θ.
As in the general phylogenetic setting, there is interest in finding the particular hybrid species phylogeny that maximizes this likelihood. However, there are 2 issues to deal with in maximization over species trees. The first is that, given a particular hybrid species phylogeny S, branch lengths within that species phylogeny must be estimated. In this setting in which the primary interest is on detecting hybridization, these branch lengths are generally not of interest and will be treated as nuisance parameters. However, we must jointly estimate these parameters and the hybridization parameters γ 1 and γ 2 in order to maximize the likelihood in equation (3). This is done in 2 stages. First, the work of Liu et al. (2009) and Kubatko et al. (2009, see the supplemental information for that paper) can be used to find maximum likelihood (ML) branch lengths in the hybrid species tree when the population size parameters Θ are known. Briefly, these papers show that the ML estimate (MLE) of the speciation time for a clade is the minimum of the observed divergence times for that clade across all gene trees. Note that the branch lengths in the hybrid species tree determined in this way are those that simultaneously maximize the likelihood across all 4 possible parental species trees S 1 -S 4 subject to the constraints imposed by the common hybrid species tree. Note further that, in comparing hybrid species phylogenies, separate MLEs of the branch lengths are determined for each of the 9 possible hybrid species phylogenies in Figure 4 because the constraints differ among these due to the absence of putative hybridization events in some of these trees. Once ML branch lengths have been computed, MLEs for the hybridization parameters γ 1 and γ 2 can be obtained. These estimates can be computed by implementing a Newton-Raphson procedure because derivatives of the likelihood function in equation (3) can be readily calculated. This 2-stage procedure (calculation of ML branch lengths, followed by computation of the MLEs of γ 1 and γ 2 ) can be seen to result in simultaneous MLEs of all parameters because the contributions to the likelihood function of the 4 parental species trees S 1 -S 4 are simultaneously optimized at the ML branch lengths, independent of the values of γ 1 and γ 2 .
The second issue involved in finding the MLE of the species tree is the general issue in phylogenetic inference that the number of possible phylogenies is large, so that heuristic algorithms must be used to search the space of topologies for the tree or trees that maximize the likelihood. This issue is even more severe here, as for each standard bifurcating topology composed of n − h species, there will be many ways that h hybrid species could be placed onto the phylogeny to produce a hybrid species phylogeny. Whereas developing a technique for searching the space of hybrid species phylogenies for the particular phylogeny that maximizes the likelihood in equation (3) would clearly be of interest, it is beyond the scope of the work presented here. Instead, we focus attention on comparing a defined set of topologies as a preliminary test of the adequacy of the overall model in recovering signal due to hybridization using gene trees.
One final note is that the likelihood in equation (3) is similar in form to the one proposed in Meng and Kubatko (2009) . In fact, in terms of species-level relationships, the model proposed here is identical to the one used in that paper. However, there are a couple of differences between the approach presented in that paper and the one proposed here. First, in Meng and Kubatko (2009) the data under consideration were collections of gene tree topologies only-branch lengths in these gene trees were not used in the analysis-and thus the probability distribution presented in Degnan and Salter (2005) was used to compute the likelihood. There are advantages and disadvantages to such an approach. If branch lengths were known with certainty, then ignoring them as was done in Meng and Kubatko (2009) would amount to ignoring potentially useful information. However, given the existence of uncertainty in estimated gene tree branch lengths, an approach which does not rely on these estimates will be robust to 483 possible misspecification of these divergence times. In this paper, I replace the probability distribution of gene tree topologies used in Meng and Kubatko (2009) with the gene tree density of Rannala and Yang (2003) . As will be seen later in the paper, uncertainty in gene tree branch length estimates does affect performance of the proposed method to some extent, but overall the method performs quite well, at least for a small number of taxa.
The second difference from the work described in Meng and Kubatko (2009) is the focus here on identification of hybrid species in a model selection framework, as will be described in the next section. In the former paper, emphasis was on estimation and testing for the extent of hybridization between 2 putative parental taxa.
Model Selection Using Information Criteria
Suppose that the data consist of n − h taxa that are suspected to be of "pure" (i.e., nonhybrid) origin, and a complementary group of h taxa that may possibly be of hybrid origin. To begin, suppose that putative parental organisms of each of the h hybrid taxa are included in the set of n − h "pure" taxa and that a phylogeny relating these n − h taxa can be constructed. A hybrid species model can then be formed by adding the h hybrid taxa to this phylogeny by connecting them to both their parental organisms. For simplicity, we assume that each branch in the hybrid species phylogeny participates in only one hybridization event. An example hybrid species tree with h = 2 hybrid species among the total n = 6 taxa of this nature has already been described (Fig. 3) . The likelihood of any hybrid species phylogeny specified this way can be computed as described in the previous section, using an appropriate likelihood analogous to that shown for the example tree in equation (3) (see also Nakhleh L., unpublished data).
The hybridization parameters γ i represent the proportional contribution of each of the parental species to the genome of the hybrid taxon. By convention, let γ i be the contribution from the parental species drawn to the left of the hybrid species in the phylogeny, and 1 − γ i be the contribution from the parental species drawn to the right (this designation is arbitrary). Because γ i ∈ [0, 1] for all i, it represents the extent of hybridization between the 2 parental species. When γ i = 0 or γ i = 1, no hybridization has occurred, and a strictly bifurcating tree is inferred with respect to that particular putative hybrid species. When γ i ∈ (0, 1), however, hybridization has occurred in the past history of this species. Thus, inference concerning historical hybridization can be obtained through estimation of the γ parameters.
Setting subsets of the γ parameters to 0 or 1 results in various hypotheses of no hybridization. Note that a tree with i putative hybridization events thus includes a set of 3 i possible phylogenies subject to hybridization of some, but not necessarily all, of the putative hybrid species. This expression arises because there are 3 possibilities for each γ i : γ i = 0, γ i = 1, or γ i ∈ (0, 1). As a concrete example, consider the hybrid species phylogeny in Figure 3 . Two potential hybridization events are identified: One leading to formation of hybrid taxon B parameterized by γ 1 and one leading to formation of hybrid taxon D parametrized by γ 2 . The 3 2 = 9 possible resolutions of these phylogenies derived by assigning values to γ 1 and γ 2 are shown in Figure 4 .
The possible hybridization events can therefore be viewed as part of the phylogenetic model, and it is possible to consider selecting among them in a traditional model selection framework through the parameterization in terms of γ 1 and γ 2 . Here, I propose to select from among the 3 i possible resolutions of a given hybrid species tree by computing various information criterion. Specifically, I consider computation of the Akaike information criterion (AIC; Akaike 1974), the corrected AIC (AICc; Burnham and Anderson 2002) , and the Bayesian information criterion (BIC; Schwarz 1978) . These quantities have been used in phylogenetic studies in other contexts, in particular with regard to selection of an appropriate evolutionary model (Posada and Buckley 2004) . The information criteria considered here are computed as follows:
where k is the number of parameters in the model, γ 1 and γ 2 are set to either 0, 1, or their MLEsγ i , N is the number of genes, and the vector of hybrid species tree branch lengths are likewise set at their MLEs. The number of parameters varies depending on whether the γ i are estimated or fixed, as well as on the number of branch lengths in the species tree that are estimated. The tree with the smallest value of these criteria is selected as the best-fit hybrid species phylogeny. A potential issue in applying these criterion in this situation is that in some cases, the MLEs may lie on the boundary of the parameter space. We discuss this in Results.
Simulation Studies Known Gene Trees.-To assess the performance of the method, 2 simulation studies were carried out. In the first simulation study, the coalescent was used to simulate samples of independent gene trees from various hybrid species trees for N = 20, 50, or 100 genes. The hybrid species trees considered were based on the example phylogeny in Figure 3 , with branch lengths set by specifying an interval of length 1.0 coalescent units between consecutive events (either speciation events or hybridization events). This choice was made so that typical levels of incomplete lineage sorting would be observed in sampled gene trees. As branch lengths 484 SYSTEMATIC BIOLOGY VOL. 58 become longer, the occurrence of incomplete lineage sorting is reduced, and detection of hybridization becomes easier. Four settings for (γ 1 , γ 2 ) corresponding to differing amounts of hybridization were used: (0,0.3), (0.3,1), (0.3,0.3), and (1,1). The first 2 correspond to hybridization for one but not both putative hybrid taxa, whereas the third corresponds to hybridization for both taxa. The last setting is 1 of 4 possible cases in which there is no hybridization in the history of the sampled species.
For a given value of (γ 1 , γ 2 ), N parental species phylogenies were sampled probabilistically from the 4 possibilities S 1 , . . . , S 4 . After these parental species phylogenies were specified, the program COAL (www. coaltree.net) (Degnan and Salter 2005) was used to simulate gene trees under the coalescent. To convert gene tree branch lengths in the sampled gene trees from coalescent units to mutation units, gene tree branch lengths were multiplied by θ 2 , where θ = 0.001, with the result that all populations were assumed to have equal values for θ. This value of θ was assumed to be known in the analysis of the simulated data.
The entire simulation procedure was repeated 100 times for each setting of (γ 1 , γ 2 ), and each of these 100 data sets of gene trees was provided to the program STEM-hy, a modification of the program STEM ) that implements the method described in this paper. Here, MLEs for γ 1 and γ 2 are obtained using a grid search over possible parameter values, rather than the Newton-Raphson method described earlier, because computation of the likelihood is rapid for this small example. A grid of points from 0 to 1 by 0.001 in both parameters was used. For each data set, all 9 possible models were evaluated, and the model with the smallest AIC, AICc, or BIC was selected. The number of cases of the 100 trials in which the correct model was selected was recorded. The MLEs of the hybridization parameters in the true model were also evaluated, and standard deviations over the 100 runs were computed.
Estimated Gene Trees.-In the first simulation study, gene trees were generated directly from the coalescent and then used to test the model. In practice, however, it is sequences and not gene trees that are observed, and thus a first step in applying the method proposed here is to estimate the gene trees from the sequence data. This adds variability to the analysis due to the fact that the gene trees estimated from the sequence data may not match exactly the true gene history due to stochastic effects, limitations of the evolutionary model, etc.
To examine the effect that this is likely to have on the performance of the method, the simulation study described above was repeated, with an additional step. After gene tree samples were generated in COAL, sequences of length 500 bp were simulated along each of these gene trees using the program Seq-Gen (Rambaut and Grassly 1997) under the Jukes-Cantor model. This sequence data was then used to estimate gene trees under the maximum likelihood criterion in PAUP* with the assumption of a molecular clock assuming the JukesCantor model. The estimated gene trees were used as the data to carry out the method described here. Analysis using these estimated gene trees for each of 100 data sets proceeded as described above.
Neither the known nor the estimated gene tree case incorporates variability in mutation rate across loci, and the method as described thus far assumes that mutation rate is constant across loci. In the Discussion, I describe a simple method for incorporating mutation rate variability that has performed well in the related case of species tree estimation from gene trees using the program STEM ).
RESULTS
The results of the first simulation study are given in Table 1 . First, note that the correct model is chosen over 90% of the time for all of the information criteria and for all of the simulation conditions explored. When the number of gene trees used is 50 or 100, the correct Notes: The first column gives the number of gene trees simulated in each of 100 trials. Columns 2 and 3 give the parameter settings for the model that was used to generate the data. Columns 4-7 give the means and standard deviations (SD) of the MLEs of the hybridization parameter from the true model from which the data were simulated (-indicates that this parameter in not estimated in the true underlying model). The last 3 columns list the number of times the correct model was selected in the 100 trials using each of the 3 information criteria (AIC, AICc, and BIC).
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model is chosen at least 95% of the time for all of the information criteria. In general, there was little difference between the results using each of the 3 information criteria. In addition, note that the average MLEs for the γ 1 and γ 2 parameters (over the 100 trials in each simulation condition, computed under the true model) are relatively close to the value used to simulate the data (0.3) in all cases. Finally, the standard deviations of the observed MLEs behave as expected-the standard deviations decrease as the sample size (number of gene trees) increases.
To examine the behavior of the MLEs, Figure 5 gives plots of the likelihood surface as a function of γ 1 and γ 2 for 1 representative run for each of the simulation conditions when N = 50. In all cases, the likelihood surface is smooth and has a single peak, suggesting that in the ideal case in which gene trees are observed without error, the likelihood function is well behaved and the MLEs of the hybridization parameters provide reasonable estimates.
However, as stated above, in realistic situations gene trees are not observed without error. Rather, sequence data are observed for each gene, and gene trees must be estimated from this sequence data as a first step in carrying out the analysis proposed here. The second simulation study reflects this process by using gene trees estimated from simulated sequence data as input to the method. The results of this simulation study are shown in Table 2 .
It is expected that the ability of the method to select the correct model will be lower when gene trees are first estimated, and this is in fact what is observed in Table 2 . The proportion of times that the correct model is selected ranges from a low of 56% to a high of 99%. Again, similar results were obtained with each of the 3 information criteria. The best performance occurs when the true model is one in which both putative hybrid taxa actually hybridize (e.g., when γ 1 = γ 2 = 0.3). In this situation, the correct model is selected at least 95% of the time. In the other 3 cases, it is therefore interesting to examine which model is selected when the true model is not correctly identified.
We first consider the 2 cases in which one of the 2 putative hybrid taxa is actually a hybrid under the true model and the other is not (these are the cases in which (γ 1 , γ 2 ) = (0, 0.3) and (0.3, 1) ). In the majority of these cases for N = 20 and in every case when N = 50 or N = 100, it happens that whenever the correct model is not selected, the model with both γ 1 ∈ (0, 1) and γ 2 ∈ (0, 1) is the one which is selected. Thus, it appears that when variability is introduced due to the gene tree estimation step, it is commonly the case that a model with more parameters than needed is selected. Examinations of the MLEs for these cases indicate that parameters associated with the taxon not involved in hybridization are estimated to be very near the boundary in these cases, and thus inference about hybridization based on the MLEs of γ 1 and γ 2 would likely be useful, even in these cases (Table 3 ).
In the case in which the true model is one of no hybridization (i.e., (γ 1 , γ 2 )=(1, 1)), examination of the particular models selected is somewhat interesting. Four of the 9 models are each selected in reasonable frequency, whereas 5 of the 9 models are never selected. The 5 models never selected are those that have either γ 1 = 0, γ 2 = 0, or both. In other words, these are the models that specify no hybridization for 1 of the 2 putative hybrid taxa but which identify the incorrect parental taxon for the putative hybrid. The 4 models that are selected are models in which both γ 1 and γ 2 are either equal to 1 or in the interval (0, 1). This result is consistent with the results described in the previous 2 paragraphs.
To explore this selection of more highly parameterized models more carefully, the MLEs of γ 1 and γ 2 under the most highly parameterized model (e.g., γ 1 ∈ (0, 1) and γ 2 ∈ (0, 1)) can be examined in more detail. Table 3 gives the mean and standard deviation of the MLEs of the hybridization parameters across the 100 trials for each true model for N = 100. Examination of these values shows that the MLEs are estimated to be at or extremely close to the boundary in cases where their true value is at the boundary. As noted above in Methods, care must be taken in applying model selection criteria in situations such as this. If, as advocated by Burnham and Anderson (2002) , models with parameter estimates at the boundary are eliminated from consideration, then the true model would be selected with 100% accuracy for all models when N = 50 and N = 100. Even when N = 20, the true model would be selected in 97% of the cases for all models except (γ 1 , γ 2 ) = (1, 1), in which case the true model is identified 83% of the time.
One final observation from the second simulation study is that there appears to be a systematic bias toward larger values in the estimate of γ 2 that increases 486 SYSTEMATIC BIOLOGY VOL. 58 Notes: The first column gives the number of gene trees simulated in each of 100 trials. Columns 2 and 3 give the parameter settings for the model that was used to generate the data. Columns 4-7 give the means and standard deviations (SD) of the MLEs of the hybridization parameter from the true model from which the data were simulated (-indicates that this parameter in not estimated in the true underlying model). The last 3 columns list the number of times the correct model was selected in the 100 trials using each of the 3 information criteria (AIC, AICc, and BIC).
as the sample size increases. Interestingly, this is not observed in the first set of simulations in which gene trees are observed without error. Although it is not completely clear why this occurs, one possibility is that when branch lengths in the gene trees are estimated (rather than directly observing coalescent times, as in the first simulation), the variation in the estimated gene divergence times forces the hybridization parameter for the more ancient event to be closer to 0.5.
DISCUSSION
The method proposed here shows good performance in its ability to select the correct hybridization model among a set of models corresponding to possible hybridization scenarios. When gene trees are known, the method is very highly accurate, with the correct model selected more than 90% of the time. It is also observed that the MLEs of the hybridization parameters are near their true values and that their standard deviation decreases as the sample size (number of gene trees) increases, as would be expected. In the case in which gene trees are first estimated from sequence data and estimated gene trees are used as input, it becomes more common to select a more highly parameterized model than that which generated the data. In these cases, however, the MLEs of the "extra" parameters are generally very close to their true values, which are noted to be on TABLE 3. Summary of the MLEs for the model in which γ 1 ∈ (0, 1) and γ 2 ∈ (0, 1) for N = 100 Notes: The first 2 columns give the parameter settings for the model that was used to generate the data. Columns 3-6 give the means and standard deviations (SD) of the MLEs of the hybridization parameter for the model in which γ 1 ∈ (0, 1) and γ 2 ∈ (0, 1) for N = 100.
the boundary of the parameter space. Thus, this behavior of the method likely reflects the difficulty in application of model selection criteria when parameters may lie on the boundary (Burnham and Anderson 2002) . In these cases, the biological interpretation would still be correct because the MLEs clearly point toward the correct model (Table 3) .
Here, a simple model in which the hybrid species tree contained 2 putative hybridization events has been explored in detail. It is straightforward to write a likelihood function like that given in equation (3) for any number of hybridization events. Recently, Nakhleh L. (unpublished data) has provided a general expression for the likelihood function on species phylogenies subject to reticulation that are parameterized in the manner described here. Two potential issues arise in implementing such models in larger problems. First, because the likelihood can be computed rapidly for given values of γ 1 and γ 2 , the implementation used here employs a naive grid search to find the MLEs of γ 1 and γ 2 . However, it should be relatively straightforward to implement a more sophisticated search for the joint MLE of several hybridization parameters, particularly given the promising plots of the likelihood surface in Figure 5 . In particular, the Newton-Raphson method should work well for this problem because first and second derivatives are simple to compute and program. More importantly, the amount of data (e.g., number of gene trees) needed to accurately estimate a larger collection of hybridization parameters is expected to grow; however, it is unknown how large the sample size should be. This question is complicated as it likely also depends on how well each of the individual gene trees (and in particular, the branch lengths within the gene trees) can be estimated.
Another assumption made in the simulation studies considered here was that the mutation rate is constant across all loci. It has previously been noted that variation in mutation rate across loci can be problematic when modeling gene tree-species tree relationships (see, e.g., Yang 2002) . In related work (Kubatko et al. 487 2009) in which the goal is estimation of a bifurcating species phylogeny using gene trees estimated from a multilocus data set, the following procedure, originally suggested by Yang (2002) , has been found to work well. First, an estimate of the mutation rate for each gene is obtained. One way of getting a rough estimate is to look at the average pairwise divergence between taxa in the data set. Next, the estimated mutation rates are divided by their median. This will result in loci with rates distributed around 1.0, with faster evolving loci with rates a bit above 1.0 and slower evolving loci with rates below 1.0. Finally, prior to input into the method proposed here, gene trees branch lengths are rescaled by multiplying by the reciprocal of the scaled mutation rate. The result should be an adjustment to divergence times that puts all genes on roughly the same scale. This procedure has been found to work well in the program STEM (see also Kubatko et al. 2009 ).
We also note that in the work proposed here, as well as our related work (Meng and Kubatko 2009 ), the hybrid species phylogeny is assumed to be known, and interest is focused on examining the evidence for hybridization along that known phylogeny. A more general problem is the estimation of the entire hybrid species phylogeny. This problem is of course much more complicated, in that it requires a search of hybrid species tree space for phylogenies that maximize the likelihood. However, given the encouraging results obtained here, it may be possible to design an algorithm for this problem, for example, using simulated annealing methods that have been useful for the related problem of inferring species phylogenies without hybridization using gene trees (e.g., STEM; Kubatko et al. 2009 ).
Finally, note that the method proposed here is limited in the types of hybridization events that it considers. Specifically, it explicitly models hybrid speciation with persistence of both parental forms. Although it might be modified to handle some scenarios that do not fit this form exactly, it is important to consider other hybridization scenarios as well. In particular, introgressive hybridization, a process by which gene flow between sister taxa occurs following speciation without formation of a distinct hybrid species, is perhaps the most dominant form of hybridization occurring in nature. Development of models to examine hybridization and coalescence in a common framework in this setting is both a daunting task and an important future endeavor.
As recognition of the importance of the coalescent in phylogenetic species tree inference continues to grow, the challenge becomes the development of models that become increasingly sophisticated by including additional evolutionary process known to be at work in the evolution of single-gene histories within the common framework of the species tree. A natural starting point is to consider the process of hybridization as this process is ubiquitous in nature (Mallet 2007) . The method proposed here is a promising step, in that it shows good performance in simulation studies, is easy to implement and to perform computations with, and can be readily extended to trees of arbitrary size. FUNDING This work was funded by the National Science Foundation (grants DMS 0702277 and DEB 0842219).
